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If we zoom in on the same 20x20

Introduction ) :
pixel sub-group for both SeaWiFS
Submesoscale and mesoscale physical variability strongly modulate the structure, biomass, and rates of marine ecosystems and their and AVHRR, we can generate the
functioning in the ocean. Characteristic time and space scales of key ocean physical-biological phenomena range from the submesoscale Results following diagnostic plots showing
(0.3-10 km; day-week) to mesoscale (10-300 km; week-few months). In Doney et al. (2003), we characterized for the first time the the residuals, the extraction of the 1D

semivariances from the 2D
variograms, and the progression of
the 1D regressions. The upper left
panel shows a close-up of the 20x20
residual field (box within frame). The
upper right panel shows the 2D
variogram (note the direction of the
minimum trough is not the same for
Chl_a and SST. The lower panel
shows an example of the extracted
1D semivariances and the non-linear
least square fit of a spherical model

a variogram curve to those data points.
Data i Note: if either the SeaWiFS or

f f = . AVHRR and SeaWiFS . AVHRR data has isotropic
Matched data image pairs (SeaWiFS: Chl_a and AVHRR:SST) 8 Jan 1998 AvHARK and oeavyits co ——s e i variability, their 2D variograms

'dS:;W'FS L3 LAC Reproc 4 would have circular symmetry.
I-- *AVHRR MCSST from NOAA-

geographical patterns of the magnitude and spatial-scales of mesoscale ocean biological variability globally for a single year. Now, we N

present interim results characterizing the submesoscale component of ocean color variability using variogram techniques applied to high i SeaWiFS —
spatial resolution (1 km), regional satellite data near Bermuda. In the previous work, using SeaWiFS standard mapped level 3 products, we —— ¥ i =
were unable to resolve between a true geophysical signal in the submesoscale versus instrument and/or environmental noise; here we show l oy I l
that the submesoscale (<10km) accounts for approximately 50% of the total resolved variance, the remainder found at mesoscales. We can
extend this analysis to remotely sensed, physical variables and introduce here geostatistical analyses of the spatial variability found in sea
surface temperature (SST). On submesoscales, we present variograms of chlorophyll and SST data collected at near-coincident times and
compare the results. The distribution of submesoscale variability among biological and physical variables provides important insights into the
mechanisms of interaction between biological ecosystems and their physical environment. Quantification of anisotropic submesoscale
variability is an essential first step in deriving physical-biological parameterizations that may deviate significantly from purely physical,
conservative tracers.
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